Macrophages are a type of white blood cell, of the immune system, that engulfs and digests 29 cellular debris, cancer cells, and anything else that does not have the type of proteins specific to 30 healthy body cells on its surface. Understanding gene expression dynamics in macrophages are 31 crucial for studying human diseases. Recent advances in high-throughput technologies have 32 enabled the collection of immense amounts of biological data. A reliable marker of macrophage 33 is essential to study their function. Traditional approaches use a number of markers that may 34 have tissue specific expression patterns. To identify universal biomarker of macrophage, we used 35 a previously published computational approach called BECC (Boolean Equivalent Correlated 36 Clusters) that was originally used to identify universal cell cycle genes. We performed BECC 37 analysis on a seed gene CD14, a known macrophage marker. FCER1G and TYROBP were 38 among the top candidates which were validated as strong candidates for universal biomarkers for 39 macrophages in human and mouse tissues. To our knowledge, such a finding is first of its kind. 40
homogeneous compared to currently used biomarkers such as ITGAM, EMR1 (F4/80), and CD68. 48
Further, we demonstrated that this homogeneity extends to all the tissues currently profiled in the 49 public domain in multiple species including human and mouse. FCER1G and TYROBP 50 expression patterns were also found to be extremely specific to macrophages found in various 51 tissues. They are strongly co-expressed together. We believe that these two genes are the most 52 reliable candidates of universal biomarker for macrophages. 53
INTRODUCTION 56
Macrophages are specialized cells involved in the detection, phagocytosis and destruction of 57 bacteria and other harmful organisms. In addition, they can also present antigens to T cells and 58 initiate inflammation by releasing molecules (known as cytokines) that activate other cells. 59
Further, Macrophages migrate to and circulate within almost every tissue, patrolling for pathogens 60 or eliminating dead cells. Critical for immune protection and tissue homeostasis, macrophage 61 functions can be corrupted in multiple disease processes 1 . Disruption of normal macrophage 62 biology is a hallmark of many diseases, including diabetes 2,3 , asthma 4 , metastatic cancer 5 , 63 tissue fibrosis 6 , and chronic inflammation 6-8 . These characteristics make macrophages a vital 64 element, especially to understand diseases. Further, they are important immune cells that function 65 in tissue repair during homeostasis and in the innate immune response. Inflammation, which can 66 be triggered by infection, is accompanied by a massive expansion of macrophages in affected 67 tissues. The origin of macrophages is thought to be the blood stem cells in the bone marrow. 68
However, a recent study shows that macrophages can initiate cell division and can create a self-69 replica. These functions are essential to maintain tissue homeostasis 9 . These critical 70 functionalities have propelled researchers to understand macrophages better. 71 hippocampus, striatum using a magnetic bead-based approach. 129 GSE86397 (Liver Kupffer cells): Primary Kupffer cells isolated from mouse liver were treated with 130 lipopolysaccharides or IL-4 and the gene expression patterns were analyzed by microarray. 131
We validated our results on following tissue resident macrophages in human: tumor associated 132 macrophage (GSE117970, n = 116) 33 ; lung alveolar macrophages (GSE116560, n = 68) 34 ; lung 133 alveolar macrophages (GSE40885, n = 14) 35 ; cardiac macrophages (GSE119515, n = 18) 36 ; 134 vaginal mucosa and skin macrophages (GSE54480, n = 87) 37 ; skin macrophages (GSE74316, n 135 = 77) 38 ; peritoneal macrophages (GSE79833, n = 12) 39 ; microglia (GSE1432, n= 24) 40 ; adipose 136 tissue macrophages (GSE37660, n = 4) 41 . 137
To validate our results on single cell RNASeq data we use following datasets: mouse 138 inflammatory airway macrophages (GSE120000; n = 1,142) 42 , mouse CX3CR1-derived 139 macrophage from atherosclerotic aorta (GSE123587; n = 5,355) 43 , mouse dissociated whole lung 140 tissue (GSE111664; n = 41,898) 44 , and renal resident macrophages across species (GSE128993; 141 human n = 2,868, mouse n = 3,013, rat n = 3,935, pig n = 4,671) 45 . 142
We also examined expression patterns in skin Langerhans cell (GSE49475, n = 39) 46 and dermal 143 dendritic cells (GSE74316, human n = 77, mouse n = 74) 38 . 144
StepMiner Analysis 145
StepMiner is a computational tool that identifies step-wise transitions in a time-series data. 47 
146
StepMiner performs an adaptive regression scheme to identify the best possible step up or down 147 based on sum-of-square errors. The steps are placed between time points at the sharpest change 148 between low expression and high expression levels, which gives insight into the timing of the gene 149 expression-switching event. To fit a step function, the algorithm evaluates all possible step 150 positions, and for each position, it computes the average of the values on both side of the step 151 for the constant segments. An adaptive regression scheme is used that chooses the step 152 positions that minimize the square error with the fitted data. Finally, a regression test statistic is 153 computed as follows: 154
Where for = 1 to are the values, � for = 1 to are fitted values. m is the degrees of 156 freedom used for the adaptive regression analysis. � is average of all the values: � = 1 * 157 ∑ =1 . For a step position at k, the fitted values � are computed by using 1 * ∑ =1 for = 1 158 to and 1 ( − ) * ∑ = +1 for = + 1 to . 159 160
Boolean Analysis 161
Boolean logic is a simple mathematic relationship of two values, i.e., high/low, 1/0, or 162 positive/negative. The Boolean analysis of gene expression data requires conversion of 163 expression levels into two possible values. The StepMiner algorithm is reused to perform Boolean 164 analysis of gene expression data. 48 The Boolean analysis is a statistical approach which creates 165 binary logical inferences that explain the relationships between phenomena. Boolean analysis is 166 performed to determine the relationship between the expression levels of pairs of genes. The 167
StepMiner algorithm is applied to gene expression levels to convert them into Boolean values 168 (high and low). In this algorithm, first the expression values are sorted from low to high and a 169 rising step function is fitted to the series to identify the threshold. Middle of the step is used as the 170 Figure S1A 
The score is a number between 0 and 2 given r > 0 and s > 0. A matrix of scores M was computed 198 for all probesets in L. Every row of this matrix was sorted based on the score in ascending order. 199
The whole matrix was then multiplied using a column vector of ranks: [0 1 2 … len(L)-1]. In other 200 words, the score for the probeset in row i gs i was computed as follows: 201
where is the k th smallest score for the probeset in row i. 203
StepMiner algorithm was used to compute a threshold to identify the high scoring probesets gs i . 204
The result of the BECC is this list of high scoring probesets. 205
Statistical Justification 206
Empirical distribution of the pair-wise gene scores were computed for each of our dataset by 207 randomly selecting pairs of probesets. Using this distribution, average probeset score E[gs i ] and 208 standard deviation can be estimated. 209
The p-value for the StepMiner identified threshold was computed using a Z-test. All statistical 211 tests were performed using R version 3.2.3 (2015-12-10). 212
214

Results
216
BECC identifies macrophage genes in humans 217
We apply a previously published computational tool called Boolean Equivalent Correlated 218 Clusters (BECC) to mine publicly available gene expression datasets (n = 25,955 human samples, 219 GSE119087) 50 . BECC compares the normalized expression of two genes across all datasets by 220 searching for two sparsely populated, diagonally-opposite quadrants out of four possible 221 quadrants (high-low and low-high), employing the BooleanNet algorithm 48 . The BECC algorithm 222 only focuses on Boolean Equivalent relationships ( Figure S1B ) to identify potentially functionally-223 related gene sets ( Figure S1C ). 224
225
To identify potential macrophage genes with this approach, we employed BECC using CD14 as 226 a seed gene because it is known to be specific for macrophages ( Figure 1A The BECC algorithm was first used to identify a set of 9 probesets (ProbeSet A) that were 234
Boolean-Equivalent to the CD14 gene (201743_at probeset). Then, the same algorithm was used 235 to identify additional probesets that were Boolean-Equivalent to ProbeSet A; pooling the hits in 236 the second step together with those in ProbeSet A resulted in ProbeSet B comprised of 20 237 probesets. A third step was performed to collect few more candidates resulted in ProbeSet C 238 comprised of 33 probesets ( Fig. 1A ). BECC computes Boolean Equivalences for three steps 239 because any additional steps have the potential to add significant noise. All probesets in ProbeSet 240 C were then comprehensively analyzed relative to each other to assess the strength of their 241 equivalences. A Boolean-Equivalence score for each probeset within ProbeSet C was computed 242 based on the weighted average of the correlation coefficient and slope in pair-wise analysis with 243 all other probesets, as described in the Methods. This effort resulted in a ranked list of 33 244 probesets, corresponding to 21 unique genes, based on similarity to CD14. The entire ranked list 245 of genes can be accessed online using our web-resource. StepMiner, an algorithm which fits a 246 step function to identify abrupt transitions in series data, was used to compute a threshold on the 247 BE score to identify high-confidence macrophage genes. Imposition of the threshold resulted in 248 the identification of 18 significant probesets, representing 13 unique genes ( Fig. 1B) . These 13 249 genes represent candidates for universal macrophage biomarker. 250
251
We compared CD14 expression patterns with other known markers such as CD16, CD64, CD68, 252 CD71, CCR5 and ITGAM ( Figure S2A -F). CD14 had better dynamic range compared to these 253 other genes. CD71 was weakly correlated with CD14 suggesting that it may have other tissue 254 specific expression patterns. BECC analyses starting with seed genes CD71, and CCR5 returns 255 no results as none of the genes had Boolean equivalent relationships with these genes. CD68 256 and ITGAM returned too many results, prompted us to increase the threshold (S > 50, p < 0.1) to 257 get specific genes. Finally, we observed that the results from seed gene CD64 had the most 258 overlap with CD14 ( Figure S2G ). Thus, the BECC results may vary significantly depending on the 259 seed genes. It is better to pick a gene with good dynamic range to get the best answer. 260 261 TYROBP and FCER1G are two strong candidates for universal macrophage biomarker 262 FCER1G was the top candidate and TYROBP was the fourth candidate based on the BECC-263 ranking ( Fig. 1B ). All 13 gene candidates were evaluated on the human and mouse macrophage 264 datasets. FCER1G and TYROBP emerged as a clear winner with strong correlated patterns in 265 both human and mouse dataset ( Fig. 2A-B ). We expect that the target biomarkers for 266 macrophages would be highly expressed in pure macrophages sample. Fig. 2A and 2B show 267 scatterplot of expression values between TYROBP and FCER1G in both human and mouse 268 respectively with the pure macrophage samples highlighted in red color. We observe that the 269 expression patterns of both TYROBP and FCER1G are high in our carefully annotated 270 macrophage dataset (red color, Fig 2A-B) . The orange color samples in Fig suggests that TYROBP and FCER1G are expressed in similar contexts in all tissue. We conclude 278 that TYROBP and FCER1G expression patterns are equivalent to each other. It is a well-known 279 fact that macrophages are present in every tissue and the amount of macrophages vary 280 dramatically between diverse tissue samples. Ideally, a gene that is strongly correlated with the 281 amount of macrophages in a tissue can be considered as a candidate for a universal macrophage 282 biomarker. However, it is hard to assess the exact amount of macrophages in every bulk tissue 283 sample. We observe that TYROBP and FCER1G both are highly expressed in pure macrophage 284 samples (red color, Fig. 2 ) and they are strongly correlated in every tissue samples in human and 285 mouse. Based on this, we hypothesize that TYROBP and FCER1G -are universally expressed 286 in all macrophages. To validate this claim, we proceed to the next step. 287
We have analyzed Tyrobp and Fcer1g expression in GEXC ( Fig. 2C , E) and ImmGen ULI 288
RNASeq dataset ( Fig. 2D , F). GEXC (Gene Expression Commons) features 39 distinct highly 289 purified mouse blood cells (GSE34723, n = 101) 22 . ImmGen ULI is an open-source project that 290 features expression profiles of the purified immune cell populations 23, 24 . We observed that in both 291 of these datasets, the expression patterns of Tyrobp and Fcer1g is exclusively limited to 292 macrophage-like cells and NK cells. This validates our hypothesis that Tyrobp and Fcer1g are 293 universal candidate biomarkers for mouse macrophages. 294
FCER1G and TYROBP are highly expressed in purified macrophage datasets 295
To validate TYROBP and FCER1G as universal biomarkers, we apply pure macrophage datasets 296 collected from several human and mouse tissues ( Fig. 3) . We put together four purified human 297 macrophage datasets: (GSE35449, n=21) 25 , (GSE85333, n=185) 26 , (GSE46903, n=384) 27 , 298 (GSE55536, n=33) 28 , and four diverse mouse macrophage datasets: (GSE82158, n=163) 29 , 299 (GSE38705, n=511) 30 , (GSE62420, n=56) 31 , and (GSE86397, n=12) 32 . 300
We analyzed the diverse human and mouse purified macrophage datasets mentioned above. tissue macrophages (GSE37660, n = 2) 41 . In all cases, we observed have high-high expression 314
patterns for both TYROBP and FCER1G. 315
We observed differences in expression patterns with respect to skin Langerhans cells (LCs) which are thought to be part of the mononuclear phagocyte system and it is reasonable to classify LCs 317 in the macrophage lineage 53 . We observed that FCER1G expression is low and TYROBP is high 318 in some human skin LCs ( Figure S4A -B): (A) human skin Langerhans cells (GSE49475, n = 9) 46 ; 319 (B) human skin Langerhans cells (GSE74316, n = 13) 38 . However, mouse skin LCs showed high-320
high expression patterns for both Tyrobp and Fcer1g (GSE74316, n = 5) 38 . Dendritic cells (DC) 321 are also mononuclear phagocytes which has lymphoid origin. We also observed that certain 322 human dermal DCs (CD141+) present variable expression patterns with respect to FCER1G 323 (GSE74316, n = 7) 38 . Despite heterogeneity in FCER1G expression patterns, TYROBP 324 expression patterns remain high in most mononuclear phagocytes. 325 FCER1G and TYROBP performed better compared to ITGAM, CD68, EMR1 326 ITGAM 11 , CD68 12 , and EMR1 (F4/80) 13 are currently established universal biomarkers for 327 macrophages. We analyzed gene expression patterns for the above genes and compared with 328 TYROBP and FCER1G. Our hypothesis is that a universal biomarker should have stable gene 329 expression patterns in pure macrophage samples. We tested this hypothesis in our pooled human 330 macrophage cohorts (GSE134312, n = 197) by measuring the standard deviation of gene 331 expression patterns ( Fig. 3C ). We observed that TYROBP and FCER1G both have significantly 332 (p < 0.0001) lower standard deviation compared to the established biomarkers. However, since 333 this dataset was part of training data for this analysis, we demonstrated this phenomena in two 334 other independent human datasets GSE13896 (n = 170) 54 , and GSE40885 (n = 14) 35 , and three 335 other mouse datasets GSE62420 (n = 56) 31 , GSE69607 (n = 8) 55 , and GSE81922 (n = 6) 56 . This 336 suggests that macrophages have variable expression patterns for the established biomarkers. 337
However, TYROBP and FCER1G have stable, high, and fairly homogeneous expression patterns 338 in diverse macrophage samples. To further demonstrate the homogeneity, we performed 339
Pearson's correlation analysis (Fig. 3D ) of Tyrobp and Fcer1g in three independent mouse 340 dataset with different tissue and cell types: GSE15907 (microarray, n = 678) 23 , GSE54650 341 (microarray, n = 288) 57 , GSE54651 (RNASeq, n = 96) 57 . Additionally, a comparison of Fcer1g, 342
Cd68, Emr1, Itgam, and Cd14, revealed that Fcer1g remained the top correlated genes with 343 Tyrobp in these three diverse mouse bulk tissue datasets ( Fig. 3D) . 344 Figure 4E ). We observed that TYROBP and FCER1G expression patterns 361 are consistently high in all datasets, and other genes show significant heterogeneity in their 362 expression patterns. 363
DISCUSSION 364
Normalization is key to perform a reliable high-throughput data analysis. To perform large scale gene expression analysis, all samples from a dataset must be in the same measurement platform. 366
Microarray and RNASeq technologies allow the monitoring of expression levels for thousands of 367 genes simultaneously. However, in these experiments, many undesirable systematic variations 368 are observed even in replicated experiments. Normalization is the process of removing some 369 sources of variation which affect the measured gene expression levels. It is easier to normalize 370 microarray data in one platform. It is much harder to normalize data across platform because it 371 may provide platform-related technical bias. We have pooled all publicly available Affymetrix 372 datasets in U133A, U133A_2 and U133 Plus 2.0 platform for human samples, and in Affymetrix 373
Mouse Genome 430 2.0 Array for mouse samples. We normalized all Affymetrix microarrays 374 using RMA (Robust Multiarray Average) in their respective platforms separately 20,21 . However, 375
Affymetrix datasets in U133A, U133A_2 and U133 Plus 2.0 were pooled into one dataset by using 376 a modified CDF file that contains shared probesets from these three different platforms. 377
378
We have developed a computational approach that is geared towards identifying genes that are 379 expressed in macrophages in diverse and almost all context. However, the choice of seed genes 380 can switch gears towards identifying macrophage differentiation and polarization markers such 381 as M1 or M2 phenotypes 58 . Therefore, the results are somewhat sensitive to the choice of seed 382 genes. Seed genes must have good dynamic range and macrophage specificity to perform well. 383
Details of the method, source code and working principles can be found in Figure S1 . The method 384 filters out asymmetric relationships ( Figure S2A , CD14 vs CD16 is an example) and focus only 385 on the symmetric relationships by using Boolean Implication analysis. In contrast, traditional 386 approach that are purely based on correlation coefficient or linear regression cannot distinguish 387 symmetric vs asymmetric relationships. A macrophage differentiation marker will likely define a 388 subset of macrophages and therefore, in the scatterplot between these genes in Y axis and a 389 universal marker in X axis they may follow asymmetric Boolean Implication: X low => Y low or Y 390 high => X high. 391 392 Using CD14 as seed gene, we discovered TYROBP (TYRO protein tyrosine kinase-binding 393 protein) and FCER1G (Fc fragment of IgE receptor Ig) as best candidate for robust universal 394 markers of macrophages. TYROBP is an adapter protein which non-covalently associates with 395 activating receptors found on the surface of a variety of immune cells to mediate signaling and 396 cell activation following ligand binding by the receptors 59-61 . Interaction of an allergen with 397 FCER1G triggers cell activation, which induces the release of numerous mediators that are 398 responsible for allergic manifestations 62 . Extremely tight correlation is observed between these 399 two genes in all human and mouse microarray datasets (Figure 2A-B ). In the GEXC dataset that 400 contain 39 highly purified cell subsets of the mouse blood, Tyrobp and Fcer1g expression were 401 high in the macrophages and the NK cells ( Figure 2C depending on the number k times the loop is considered. A connectivity score is computed for 731 each gene in list L by using the matrix of scores between all pairs that determines how tightly a 732 gene is related to the cluster of genes in L. A gene score is computed as weighted average of the 733 column ranks for each gene. Average gene rank is also computed for each gene which is used to 734 rank genes. StepMiner is used to put a threshold on the gene score to filter highly ranked genes. 735
Output is the candidate gene list computed by BECC. 736 Overlap between the BECC analyses based on different seed genes. BECC analyses on CD71 743 and CCR5 returned no results. BECC on ITGAM and CD68 returned too many results, therefore 744 we increased BooleanNet statistic to S > 50, p < 0.1 for these two genes. 745 Single Cell RNASeq -Percentage high nA low = (a 00 + a 01 ), nB low = (a 00 + a 10 ) total= a 00 + a 01 + a 10 + a 11 ê = (nA low / total * nB low / total) * total S 00 = ê -n √ê p 00 = a 00 (a 00 + a 01 ) a 00 (a 00 + a 10 ) + 1 2 ( ) ( A is used to extract a list of genes L that are connected by Boolean equivalent relationship directly or indirectly depending on the number k times the loop is considered. A connectivity score is computed for each gene in list L by using the matrix of scores between all pairs that determines how tightly a gene is related to the cluster of genes in L. A gene score is computed as weighted average of the column ranks for each gene. Average gene rank is also computed for each gene which is used to rank genes. StepMiner is used to put a threshold on the gene score to filter highly ranked genes. Output is the candidate gene list computed by BECC.
StepMiner A X Cmd line: git clone https://github.com/sahoo00/Hegemon javac Hegemon/tools/*.java export HEGEMON_PATH=≤path to Hegemon directory> export JAVA_HOME="path to jre or jdk" export PATH=$JAVA_HOME/bin:$PATH Download:
http://hegemon.ucsd.edu/CellCycle/Software/analyze.pl Download from Human,and Mouse data from GEO: GSE119085 -Mouse Boolean Implication Network GSE119087 -Human Boolean Implication Network java -cp "path to Hegemon.jar or Hegemon dir" \ tools.BooleanNet closure \ GPL570/human-gpl570 \ seed_A 3.0 0.1 5 1 > res-global-a-hs.txt perl analyze.pl idlist \ GPL570/human-gpl570-expr.txt \ res-global-a-hs.txt > res-global-hs-expr.txt java -cp "path to Hegemon.jar or Hegemon dir" \ tools.RankCorrelation rank \ res-global-hs-expr.txt \ res-global-a-hs.txt seed_A > res-rank-hs-score.txt perl analyze.pl select res-rank-hs-score.txt > res-hs-select.txt Figure S3 : TYROBP and FCER1G expression in human tissue resident macrophages. The limits of the axes were set to the minimum and maximum expression values in each dataset. The red lines denotes the mid point between the minimum and maximum values. Scatter plots of TYROBP and FCER1G in human tissue resident macrophages in nine different context: (A) tumor associated macrophage (GSE117970, n = 13); (B) lung alveolar macrophages (GSE116560, n = 68); (C) lung alveolar macrophages (GSE40885, n = 14); (D) cardiac macrophages (GSE119515, n = 18); (E) vaginal mucosa and skin macrophages (GSE54480, n = 70); (F) skin macrophages (GSE74316, n = 12); (G) peritoneal macrophages (GSE79833, n = 12); (H) microglia (GSE1432, n = 24); (I) adipose tissue macrophages (GSE37660, n = 2). 
